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Abstract 
The process planning plays an important role in the machining process of a part, whose quality will influence the quality of 
product. However, the process planning mainly depends on human experiences which result in low level degree of automation 
and intelligence for a long period. Furthermore, the efficiency and quality of process planning cannot be guaranteed. To address 
the problems above, an intelligent process planning method based on feature-based history machining data is proposed for 
aircraft structural parts. The history machining data model is built firstly according to the characteristic of aircraft structural parts. 
Then the intelligent process planning is realized based on the history machining data model by considering the resource 
constraint, process constraint and result constraint. An application example shows that the proposed approach can accumulate 
machining experience effectively and improve the efficiency and quality of process planning, as well as the degree of automation 
and intelligence. 
 
© 2016 The Authors. Published by Elsevier B.V. 
Peer-review under responsibility of the Scientific Committee of the “9th International Conference on Digital Enterprise Technology - DET 
2016.  
 Keywords: history machining data; feature; intelligent; process planning 
1. Introduction 
The process planning is an important link during the 
machining process of parts, whose quality will directly effects 
on the product quality, machining efficiency, product cost and 
so on. For a long period, the process planning mainly depends 
on human experiences which results in low decision-making 
efficiency, and the optimized process plan cannot be got 
similarly due to the low level degree of automation and 
intelligence. With the development of technology, the 
intelligentialize of process planning will be an important 
constituent part of intelligent manufacturing in the era of 
Industry 4.0. As well as the history machining data (HMD) 
will be the key to realize intelligent process planning, which is 
a precious wealth for manufacturing enterprise. The process 
planning method based on HMD can avoid the repeated 
emergence of historical issues by predicting the machining 
problem. In addition, the process plan and machining 
parameters can be optimized on the basis of existing 
manufacturing technology. 
In order to increase the automation and intelligent degree of 
process planning, the research communities have made many 
efforts which can be classified into two categories: (1) the 
research on the application of machining data and (2) the new 
method of process planning.   
In terms of the research on the application of machining 
data, Ricardo et al. [1] proposed to use semantically enriched 
international product data standards, and knowledge 
representation elements as a basis for achieving seamless 
enterprise interoperability to make interoperable intelligent 
manufacturing systems a reality. Li et al. [2] considered that 
the information shared is crucial for intelligent manufacturing 
and established a shared CNC machining database to ensure 
machining data shared among different platforms. Christian et 
al. [3] carried out an experimentation to obtain the machine 
data information to be modeled with artificial neural networks 
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for surface roughness average parameter predictions. Chu et al. 
[4] proposed a manufacturing resource allocation model based 
on the analysis of manufacturing processes of aircraft 
structural parts, and the knowledge in terms of experts’ 
experience and historical data is used for fuzzy comprehensive 
evaluation. Chen et al. [5] considered that the feature 
parameters of a part are the geometric dimensions and 
tolerances and collected all feature parameters to form a 
feature parameters set for process planning. Vishal et al. [6] 
acquired technical knowledge from different sources of 
knowledge acquisition, which is represented by using IF-
THEN rules, for process planning of axisymmetric deep 
drawn sheet metal parts. 
In terms of new method of process planning, Li et al. [7] 
proposed a new active learning genetic algorithm based 
method to facilitate the integration and optimization of process 
planning and scheduling, which is promising and effective 
confirmed by the experimental results. Saleh et al. [8] 
presented an intelligeny process planning system using STEP 
features for prismatic parts, which carries out several stages of 
process planning such as operations selection, tool selection, 
machining parameters determination, machine tools selection 
and setup planning. Mariusz et al. [9] proposed a methodical 
approach to optimally solve for process planning problems, 
which includes the identification of process alternatives and 
sequencing adequate working steps. Pawar et al. [10] 
presented a teaching-learning-based optimization algorithm to 
find the optimal combination of process parameters of the 
considered machining processes. Rajesh [11] optimized the 
machining parameters such as cutting speed, feed rate, depth 
of cut and nose radius by multi-response considerations 
namely power consumption and tool life. Sang et al. [12] 
presented a procedure, 3-axis NC tool-paths can be directly 
generated from measured data which is a set of point sequence 
curves. Anadil et al. [13] presented an algorithm to generate 
efficient tool paths directly from point cloud data for three-
axis milling. Wang [14] developed an Internet- and Web-
based service-oriented system for machine availability 
monitoring and process planning, which can enable real-time 
machine availability and execution status monitoring during 
metal-cutting operations, both locally or remotely. 
The optimized process plan can be got through the methods 
above no matter by using machining data or researching new 
method of process planning. However the HMD had not been 
considered in the above methods and the closed loop control 
cannot be achieved for the process planning. An intelligent 
process planning method based on HMD is proposed in this 
paper aiming at the problems above. The history data of 
machining process and machining result are combined with 
the machining feature organic, and the machining problem can 
be predicted by using this method, as well as the intelligent 
decision and optimization for process planning.  
The rest of the paper is organized as follows: Section 2 
presents the framework of the proposed intelligent process 
planning method; Section 3 describes the feature-based HMD 
model; Section 4 introduces the decision rules of the 
intelligent process planning; Section 5 explains the 
implementation of the proposed method by using a typical part; 
Section 6 concludes the paper and discusses our future work. 
2. Framework of the intelligent process planning 
In order to address the issues mentioned above, an 
intelligent process planning framework is constructed to take 
full advantage of HMD and receive the optimized result of 
process planning, which is shown in Fig. 1.
 
 
Fig. 1  The framework of the intelligent process planning method 
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The intelligent process planning method proposed in this 
paper is based on the feature-based HMD model which can be 
divided into feature data, parameter data, machining process 
data and machining result data. There exists association 
relationship between machining data and machining 
parameters as well as the feature. The matching relationship 
between the feature of part and the feature information in 
HMD model is built firstly while making the process decision. 
Then the process plan is decided and optimized according to 
the technological constraints based on HMD model, which 
contains machining tool, cutting tool, tool path strategy, 
machining parameters and so on. The internal constraint 
relations between part feature, HMD and the machining 
technology is the key technique to realize the intelligent 
process planning. 
3. Feature-based history machining data model 
The HMD model of machining needs to be built first before 
process planning. The HMD can be connected with part and 
reused by the part-based manner under the mass production 
mode. However achieving the interoperability of HMD for 
different parts is impossible due to the structural difference of 
different aircraft structural parts under the single piece and 
small batch production mode in the area of aviation. So the 
HMD cannot be reused by the part-based manner for aircraft 
structural parts. 
Although there is a great difference between different 
aircraft structural parts, they are composed of a number of 
basic features. There exists a high degree of similarity 
between same type features. The HMD can be reused 
effectively by building the association relationship between 
HMD and feature, and then the intelligent process planning 
can be realized based on HMD. 
3.1. The structure of HMD model 
 
Fig. 2  The structure of feature-based history machining data model 
The HMD model shown in Fig. 2 can be divided into four 
layers structure which are feature-layer, parameter-layer, 
process-layer and result-layer. 
The feature-layer information refers to the attributes of 
feature which contains material, feature type, size and 
tolerance. The features of aircraft structural can be classified 
into 4 types which are pocket, rib, hole and profile feature [15]. 
The parameter-layer information represents the process 
plan used in the machining process of feature, including the 
machining tool, cutting tool, tool path strategy and machining 
parameters which contains feed rate, spindle speed, cut depth 
and cutting width. 
The process-layer information is the machining process 
data of feature, which contains the abnormal machining 
condition and includes cutting force, vibration of cutting tool, 
cutting sound signal, tool wear and machining failures. The 
information above is obtained by using real-time monitoring 
manner in the process of machining. 
The result-layer information is the machining result data of 
feature, which contains machining deformation, surface 
quality, machining time, undercut and overcut information. 
3.2. The construction of HMD model 
 
Fig. 3  The construction of feature-based HMD model 
The machining parameters and feature information of part 
are extracted according to the part machining process plan and 
the correlation between them is established first while building 
the feature-based HMD model as shown in Fig.3. The 
monitoring equipment such as contains dynamometer, 
vibrating sensor and acoustic emission sensor are used to 
monitor the machining status of part to gain the process data 
in the process of machining. The machining area is located by 
using the segment of NC program when the monitoring data 
acquisition, which is used to realize the correlation between 
process data and feature. After the part is machined, the result 
data is achieved by using measuring machine, roughness tester 
and other measurement means. Likewise, the relationship 
588   Gao Xin et al. /  Procedia CIRP  56 ( 2016 )  585 – 589 
between result data and feature is built according to the 
measure position. 
4. Decision rules of the intelligent process planning 
As shown in Fig. 4, there are three constraints for 
intelligent process planning according to HMD model, which 
are resource constraint, process constraint and result constraint. 
The three constraints represent the correlation between 
different layers of HMD model. 
 
Fig. 4  Constraint for intelligent process planning 
4.1. Resource constraint 
The resource constraint means the restricted condition of 
production resources such as machine tool and cutting tool, 
which can be represented as the following: 
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Where ResourceC represents the resource constrained 
relationship, MTooli represents the ith machine tool which is 
suited to the feature and available, CToolj represents the jth 
cutting tool which can be used to machine feature. 
There are two machine tools fitting for feature A, which are 
1# and 2# as shown in Fig. 4. However, only the 2# is 
available according to the production schedule. 
4.2. Process constraint 
The process constraint refers to the restricted condition of 
cutting force, vibration, machining voice, cutting tool wear 
and machining failures in the machining process of feature, 
which can be represented as the following: 
FailureVoiceTWearVFProcessC         ˄2˅ 
Where ProcessC represents the process constraint relationship, 
F represents the maximum cutting force, V represents the limit 
of cutting tool vibration, TWear represents the limit of tool 
wear amount, Voice represents the constraint of machining 
voice, Failure represents the limit of machining failures. 
The cutting tool vibration is violent when the parameter 3 
is used to machine feature 1 as shown in Fig. 4. However, the 
machining process is normal when using the parameter 4. So 
the parameter 4 should be selected by considering the process 
constraint for feature B which is corresponding to feature 1. 
4.3. Result constraint 
The result constraint means the limitation of machining 
deformation, surface quality, machining time, the amount of 
undercut and overcut. The machining quality and efficiency 
can be guaranteed by considering the result constraint which 
can be represented as the following: 
OverCutUnderCutMTSQDefResultC  ime  ˄3˅ 
Where ResultC represents the result constraint relationship, 
Def represents the maximum machining deformation, SQ 
represents the limit of surface quality, MTime represents the 
limit of machining time, UnderCut and OverCut represent the 
limit of undercut and overcut amount respectively. 
The machining deformation is only 0.03mm for feature 2 
when using the parameter 2 as shown in Fig. 4, but the surface 
quality is bad which cannot meet the machining requirement. 
When the parameter 1 is used for feature 2, the machining 
deformation and surface quality all meet the machining 
requirements. So the parameter 1 should be selected by 
considering the result constraint for feature C which is 
corresponding to feature 2. 
5. Implementation for typical part 
As shown in Fig. 5, the realization process of the proposed 
intelligent process planning method is explained by using a 
pocket bottom machining of the aircraft structural part 
benchmark which is used as the test part by Li[16]. 
 
Fig. 5  Application case study 
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The pocket A and B are similar to pocket 1 of benchmark 
in the HMD model which have four groups of machining 
parameters. Only the vertical machine is available due to the 
production schedule. So the first group of machining 
parameters will be excluded by considering the resource 
constraint. Furthermore, the fourth group of machining 
parameters will be also excluded because of the violent 
vibration and big cutting force in the process of machining for 
pocket B which cannot meet the process constraint. When the 
third group of machining parameters is selected for pocket B, 
the machining process is abnormal and the machining 
requirements are satisfied, but the machining time is long 
which cannot meet the result constraint. Therefore, the second 
group of parameters is chose for pocket 1, which contains 
vertical machine tool, cemented carbide cutting tool, feed rate 
of 5000mm/min, spindle speed of 8000r/min, cut depth of 
3mm, cut width of 6mm and tool path strategy of back and 
force. 
The performance of the application shows that the effective 
accumulation of machining experience can be realized by 
using the proposed process planning method. Furthermore, the 
historical failures can be avoided by predicting machining 
problem and the degree of decision automation and 
intelligence will be increased 
6. Conclusions 
In order to address the issues of process planning, a history 
machining data-based method is proposed. The contributions 
of this work include: 
(1)A HMD model is built which can be used to accumulate 
machining experience effectively. 
(2)The historical failures can be avoided by predicting 
machining problem and the machining technology can be 
optimized. 
(3)The efficiency and quality of process planning is 
increased significantly as well as the degree of automation and 
intelligence. 
Our future work includes the further development of the 
proposed approach, such as the learning ability of the 
proposed method, the optimization and adjustment of the 
machining tool path based on HMD. 
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